Abstract
Introduction
rapidly and are highly variable in their structure and features. Therefore, averaging 106 across different cyclones at different stages of development can result in the loss of 107 information about the large-scale meteorological conditions and their influence on 108
clouds. 109
In this work we aim to build on the insights from previous studies and 110 further characterize instantaneous linkages between Southern Ocean clouds and the 111 large-scale meteorology. Our approach provides new insight because: 1) We use 112 high quality satellite observations of clouds and radiation from multiple 113 instruments. We use a combination of passive and active retrievals and take 114 advantage of the strengths of each. 2) We composite observations by various 115 predictors derived from the large-scale meteorology, rather than by location with 116 respect to a cyclone center. Therefore, when compared to cyclone compositing, our 117 approach retains more information about the large-scale meteorological conditions 118 and their influence on clouds. This study is organized as follows: observational 119 datasets, model simulations, and statistical methods are described in Section 2; 120 performed to get the data on a common grid. First, since CPR and CALIOP are nadir-151 viewing instruments, only near-nadir scenes from CERES and MODIS are used. 152 Second, because CERES has the largest footprint of the four instruments -about 20 153 km horizontal resolution at nadir -all measurements from other instruments are 154 horizontally-averaged across the CERES footprint. A typical CERES footprint 155 contains about 1200 MODIS pixels, 100 CALIOP profiles, and 30 CPR profiles. The 156 MODIS measurements cover nearly the entire CERES footprint, while the CPR and 157 CALIOP instruments view only a "stripe" through the middle of the CERES footprint. 158
Finally, CPR and CALIOP profiles are merged to a common vertical grid with 240 m 159 resolution [Kato et al., 2010] . 160 We use observations of the vertical profile of cloud fraction from the merged 161 CALIOP/CPR product; albedo and outgoing LW radiation at the top of the 162 atmosphere from CERES; and horizontal cloud fraction and in-cloud (i.e. computed 163 for cloudy pixels only) optical depth, liquid water path, and ice water path from 164 MODIS. Liquid water path is defined as the total mass of cloud liquid water above a 165
In the model simulations, the Cloud Feedback Model Intercomparison Project 219
Observation Simulator Package (COSP; [Bodas-Salcedo et al., 2011; Kay et al., 2012] ) 220 is used. COSP simulates what the CPR, CALIOP and MODIS instruments would 221 observe if they were flying over the model's atmosphere, thus allowing for a direct 222 comparison with the observations. MODIS cloud optical depth, liquid water path and 223 ice water path are divided by MODIS cloud fraction to convert the gridbox-average 224 values to in-cloud values (the average over cloudy scenes only). Using in-cloud 225 values allows us to separate biases due to the frequency of occurrence of clouds 226 from biases due to cloud properties when clouds are seen. Other COSP variables 227 used in this study are listed in Table 1 . Additionally, we compute albedo similarly to 228 the CERES observations. Because the solar zenith angle is 60° or less for the sunlit 229 scenes in the CCCM observations, model albedo is calculated only for gridpoints 230 where the solar zenith angle is less than 60°. 231 footprint, anomalies of the meteorological fields are linearly interpolated to the time 242 and location of the satellite overpass. Third, the resulting meteorological fields are 243 standardized to have unit variance and a mean of zero so that each variable 244 contributes equally to the principal component analysis. Our use of principal 245 component analysis is different than common practice in geophysical sciences. 246
Principal component analysis is commonly used on datasets that have a space and a 247 time dimension, with the goal of finding spatial patterns that vary in time. Here, 248
instead of a space dimension we have a list of the four meteorological predictors, 249 and instead of a time dimension, each entry corresponds to a different satellite 250 footprint. Our goal is to find common patterns of the four meteorological predictors 251 that vary across satellite footprints. 252
Throughout this study, we bin the cloud and radiation observations based on 253 the various meteorological predictors and average the data. This approach 254 illuminates the sensitivity of clouds to variations in large-scale meteorology and, 255 importantly, it does not assume linearity of the cloud data. For a given bin, random 256 error of the mean is determined assuming a Gaussian distribution and computing 257 the standard error of the mean (SE): 258
Here, is the sample standard deviation and is the effective degrees of freedom. 260 is determined using the CloudSat vertical feature mask [Sassen and Wang, 2008] , 261 which classifies clouds into eight types based on cloud and precipitation vertical 262 structure. In a string of consecutive satellite footprints, two neighboring footprints 263 are considered independent only if the predominant cloud type in the two footprintsis different. The 95% confidence interval for the mean, shown in the error bars 265 throughout this study, is ±1.96SE. 266
Results

267
3a Observed linkages between clouds and large-scale meteorology 268
We begin by describing the climatology of clouds and meteorology over the 269 Southern Ocean during austral summer. Figure 1 shows the climatology of four 270 meteorological predictor variables used in this study: !"" , SST, low-level 271 temperature advection, and EIS. Mean large-scale subsidence is seen over the 272 subtropical oceans off the west coast of South America, Australia, and Africa, while 273 mean large-scale ascent is seen near the southern end of South America. The 274 gradient in SST is largest between 40°-60°S, in the latitude band containing the 275 Antarctic Circumpolar Current. The magnitude of low-level temperature advection 276 is maximized near the largest SST gradients -coinciding with the storm track 277 regions. Estimated inversion strength is generally maximized between 40°-60°S. 278
Although evidence of synoptic wave activity is seen in the low-level temperature 279 advection map, low-clouds are still much more common than middle-or high-clouds 280 over the Southern Ocean (Figure 1e) . 281
We now describe cloud variability by compositing the data based on various 282 meteorological predictors. Figure 2 shows cloud properties and radiation as a 283 function of SST. Colder SST is associated with enhanced low-cloud cover, as can be 284 seen in the vertical profile of cloud fraction. Colder SST is also associated with 285 greater horizontal cloud fraction, greater albedo, and lower OLR. Regressioncoefficients for these relationships are given in Table 2. Because SST is correlated  287 with latitude, this figure closely resembles the zonal-mean cloud properties plotted 288 as a function of latitude. Interestingly, we find a weak or insignificant relationship 289 between SST anomalies and cloud anomalies (not shown). 290 Figure 3 shows cloud properties and radiation as a function of low-level 291 temperature advection. Cold advection is associated with low-clouds, while warm 292 advection supports more high-clouds. The strength of low-level temperature 293 advection has a relatively weak influence on optical depth, albedo, and horizontal 294 cloud fraction. Warm and cold advection support different cloud regimes, but within 295 these regimes, cloud properties are weakly dependent on the strength of advection. 296 Figure 4 shows cloud properties and radiation as a function of !"" . Deep 297 clouds are seen during periods of strong ascent, and low-clouds are seen during 298 periods of subsidence. During periods of large-scale ascent ( !"" < 0), horizontal 299 cloud fraction, in-cloud optical depth, and albedo all increase with the strength of 300 ascent. OLR decreases with stronger ascent, as stronger ascent is associated with 301 higher cloud tops. The deepest and brightest clouds with nearly complete horizontal 302 coverage are seen during periods of strong ascent in the middle-troposphere. Same-303 sign, but weaker, relationships are seen during periods of subsidence: stronger 304 subsidence is associated with smaller horizontal cloud fraction and lower albedo. 305
Regression coefficients for both large-scale subsidence and ascent conditions are 306 given in Table 2 . 307
The large-scale subsidence regime, which supports low-clouds, is further 308 explored in Figure 5 . Figure 5 shows cloud properties and radiation during periodswhen !"" is positive, as a function of EIS. For weak inversions (e.g. EIS ≈ 0°C), the 310 top of low-clouds is slightly above 2 km on average. The top of the low-cloud layer 311 becomes lower as the inversion strengthens, reaching about 1 km for very strong 312
inversions (e.g. EIS ≈ 15°C). The in-cloud optical depth, horizontal cloud fraction, 313
and albedo all increase with a stronger inversion. During periods of large-scale 314 subsidence, stronger inversions are associated with low-cloud layers that are 315 brighter, shallower, and more horizontally extensive (Table 2) . 316
The composites shown in Figures 2-5 illuminate the sensitivity of Southern 317
Ocean clouds to variations in four meteorological variables. Next we use principal 318 component analysis to combine those four meteorological predictors into a single 319 variable that represents a common pattern of atmospheric variability. The leading 320 principal component, which is associated with the pattern that explains the most 321 combined variance of the four meteorological predictors, will be called "PC1" and is 322 described in Table 3 . Positive values of PC1 are associated with mid-tropospheric 323 ascent, warm low-level temperature advection, and large EIS. PC1 is also 324 uncorrelated with SST. The pattern associated with PC1 explains 37% of the 325 combined variance of the four meteorological variables. However, because there are 326 only four meteorological variables, and therefore only four patterns and four 327 principal components, PC1 must explain at least 25% of the combined variance. 328 Nonetheless, PC1 is distinct from the second principal component at the 95% 329 confidence level according to the test proposed by North et al. [1982] , so it mayTo help interpret the pattern of atmospheric variability associated with PC1, 332 vertical profiles of temperature, wind, and temperature advection are considered. 333
Anomalies of these quantities, plotted as a function of PC1, are shown in Figure 6 . (Table 3 ). In both model 398 configurations, the leading principal component is distinct from the second 399 principal component based on the test of North et al. [1982] . Therefore, PC1 can be thicker clouds, and therefore a negative feedback [Tsushima et al., 2006; Zelinka etal., 2012; McCoy et al., 2015; Storelvmo et al., 2015; Wall and Hartmann, 2015; Ceppi 468 et al., 2016] . Overestimating the ice content of low-clouds in the current climate 469 could cause this optical depth feedback to be too negative in climate models. Indeed, 470
Terai et al. [2016] found that in current climate models, cloud optical depth in the 471 midlatitudes is too sensitive to temperature variations and therefore the optical 472 depth feedback is likely too negative. Since the climatology of liquid and ice water 473 content of low-clouds are more realistic in CAM5+CLUBB than default CAM5, the 474 cloud optical depth feedback at midlatitudes in CAM5+CLUBB is likely more realistic 475 as well. CLUBB will likely be used in future versions of the Community Atmosphere 476
Model, and possibly adopted by other models, so the cloud optical depth feedback at 477 midlatitudes could be more realistic in the next generation of global climate models. 478 510 Cesana, G., et al. (2016) The CCCM dataset also includes variables from the CERES single scanner footprint 643 (SSF) dataset. *SSF-81, -83, -89 and -91 are MODIS-observed cloud properties 644 averaged over the entire CERES footprint (referred to as "Full Footprint" in CCCM). Note that in both model configurations, the "too few, too bright" bias is seen in the 732 cyclone cold-sector. However, in the cyclone cold-sector, the cloud liquid and ice Tables   735   CCCM dataset ( 
